imminent hypoglycemic event. [7] [8] [9] [10] However, a proportion of false positive alarms must be tolerated.
Koivikko et al studied 37 adults with T1D, who underwent CGM and ECG monitoring for 3 nights. The authors observed that spontaneous nocturnal hypoglycemia resulted in a reduction of the low-frequency component of the heart rate variability (HRV). 11 HRV, that is, the beat-to-beat fluctuations in the heart rate, is a noninvasive and extensively validated method to investigate the balance in the autonomic nervous system. 12, 13 Recently, we showed how a combination of CGM and HRV could be used to predict and detect hypoglycemia in bedbound patients with T1D. 14 Our data suggested that HRV could help improving specificity and thereby reduce false positive alarms. However, questions remain on how useful HRV information is during daily life living and during spontaneous hypoglycemia. HRV is influenced by many factors such as physical activity, diurnal variation, age and gender. 15, 16 Also, glucose excursions are much more diverse and complex under free-living conditions. 17 Therefore, with the present study we aimed to investigate whether the developed algorithm 14 was able to predict and improve the detection of hypoglycemia during normal daily activities.
Methods

Participants
Data for this study were obtained from a trial performed at Steno Diabetes Center (Gentofte, Denmark). 18 A total of 21 (13 men and 8 women) adults with long lasting T1D were recruited. The patients were 58 ± 10 years old, had a diabetes duration of 34 ± 12 years and a HbA1c 7.9 ± 0.7%, and 11 participants had peripheral neuropathy measured by biothesiometer. All participants were prone to hypoglycemia, that is, they had experienced at least 2 episodes of severe hypoglycemia within the last year. None of the patients had a history of cardiovascular disease or were taking drugs affecting the cardiovascular system. All patients had a normal electrocardiogram. The study protocols were approved by the local ethics committee and the study conducted according to the principles of the Helsinki Declaration II. All patients gave their written informed consent. 
Study Design
Data Processing
The ECG was analyzed using custom analysis software developed in MatLab (Version R2014a; MathWorks, Natick, MA, USA). ECG QRS detection was implemented based on the methods of Pan and Tompkins with (1) bandpass filter, (2) differentiating, (3) squaring, and (4) moving-window integration. 19 Initial R-peaks were identified with a threshold and a minimum time distance of 250 ms from the movingwindow integration output. R detections were then found as the highest point in the original signal within the timeframe of the initial detected peak. Interbeat intervals were derived from the R detections and interpolation was used to remove outliers based on 2.Std HRV . The filtered HRV signal was inspected manually and periods with substantial noisy signals were labeled for excluding glucose measurements with appertaining corrupted HRV. The HRV signal was analyzed with a 5 minutes, 90% overlapping sliding window calculating typical derived measures describing HRV; heart rate, SDNN (standard deviation of all NN intervals), SDANN (standard deviation of the averages of NN intervals in all 5-minute segments of the entire recording), pNNx (proportion of pairs of adjacent NN intervals differing by more than 50 ms), RMSSD (the square root of the mean of the sum of the squares of differences between adjacent NN intervals), VLF (power in very low frequency range, <0.04 Hz), LF (power in low frequency range, 0.04-0.15 Hz), HF (power in high frequency range, 0.15-0.4 Hz), TP (total power of all frequencies), LF/HF (ratio of LF and HF), entropy.
The CGM signal was spline resampled to remove short periods with dropouts. Dropouts defined as periods with no measurements shorter than 15 minutes. Single measurement of glucose (SMG), such as blood plasma glucose or self-monitoring of blood glucose levels below 3.9 mmol/L (70 mg/dL) were labeled as a hypoglycemic event 20 and otherwise as euglycemia. Glucose spot measurements with corresponding CGM readings showing a discrepancy of 8 mmol/L (144 mg/dl) or more were considered as erroneous data in either the CGM or spot measurement and they were therefore excluded from further analysis. Furthermore, spot measurements within 2 hours after a hypoglycemic event were excluded since such an event may affect the heart rate during the recovery phase. 21 Figure 1 shows CGM readings with corresponding SMG readings from 1 participant. The dashed line illustrates the threshold for labeling SMG reading as either hypoglycemic or euglycemic.
Pattern Classification
We developed a pattern classification method to predict single measurements of glucose (SMG) into 1 of the 2 classes: being within the range of hypoglycemia, or euglycemia. The method was based on extracting features from the CGM signal and the derived HRV signal prior to the SMG. A classification model was applied, using features that produced the best prediction model. The approach is illustrated in Figure 2 , where data in a 60-minute prediction window 10 minutes prior to the SMG have been used to extract features for prediction. We have described the extraction of features in detail in a recent publication. 14 In short, we used different time intervals within the prediction window to calculate several derived features from the CGM and the corresponding HRV signals. The nature of this approach results in a large number of features. To eliminate uninformative features, we used a ranking and correlative method where the receiver operating characteristic (ROC) for every feature was calculated. The result was weighted based on the correlation with higher-ranking features. The 40 most informative features were kept and the rest were discarded. To find a subset of the most informative features for model inclusion, we used forward selection and concurrently a 10-fold cross validation. The model used for classifying the patterns was based on logistic regression classification.
Performance
For evaluation of the hypothesis that HRV could add information in the prediction of hypoglycemia, we assessed and compared 3 different models; (i) 1 model (CGM) containing only the raw information from the CGM, (ii) 1 model (CGM*) containing features derived from the CGM signal in the prediction window, and (iii) 1 model (CGM+HRV) containing both features derived from CGM and HRV. The classification performance was evaluated by sample-based sensitivity and specificity along with ROC and absolute number of true positives, true negatives, false positives and false negatives for a chosen best model. Each SMG reading was predicted as either hypoglycemic or euglycemic, and the truth of each classification was calculated subsequently. Calculation of the different model (i-iii) performances was based on the prediction window starting 0 to 30 minutes prior to the SMG readings. Hence, a prediction window starting 30 minutes prior to the reading will yield a 30-minute prediction interval.
Results
A total of 12 hypoglycemic events and 237 euglycemic SMG readings were included in the 21 datasets. For a 20-minute prediction of the SMG reading, the CGM model (i) had a ROC AUC of 0.69 with a corresponding sensitivity of 100% and a specificity of 69%. The CGM* model (ii) yielded a ROC AUC of 0.92 with a corresponding sensitivity of 100% and specificity of 71%. The CGM+HRV model (iii) yielded a ROC AUC of 0.96 with a corresponding sensitivity of 100% and specificity of 91%. The relative and absolute numbers for the 20-minute prediction are seen in Table 1 and the corresponding ROC for the 3 models are depicted in Figure 3B , which shows the comparison of the (ii) CGM* model and the (iii) CGM+HRV model with varying prediction times. The CGM+HRV model is obtaining a higher specificity when sliding prediction time from 0 to 30 min, whereas the CGM* model is steadily losing prediction power. The difference between the models in the time dependent analysis is significant (P < .05). Figure 2 . An illustration of the window used for prediction of a single measurement of glucose (SMG) outcome. In this example, CGM and HRV data 10 minutes prior to the SMG reading are used for prediction.
Discussion
We have recently shown how the combination of information from CGM and HRV can be used to construct an algorithm for prediction and detection of insulin induced hypoglycemia in bed-bound patients with T1D. 14 Accordingly, the next step was to investigate whether this approach could be used successfully in daily living and during spontaneous hypoglycemia. To this end, we used 63 days of data based on CGM, self-monitoring of blood glucose, and a Holter device from 21 T1D patients in high risk of hypoglycemia. The results suggested that CGM without analyzing software was unable to predict hypoglycemia, whereas the combination of CGM and "smart" algorithms has the potential to serve as a clinically relevant hypoglycemic alarm system. Thus, our results demonstrated that combining information from CGM and HRV yielded a significantly higher performance compared to data based solely on the CGM.
Others have suggested several approaches to predict hypoglycemic events and with varying results. [7] [8] [9] [10] [22] [23] [24] Eren-Oruklu et al 25 have reported a sensitivity of 89%, a precision of 78%, and a lead time of 27 minutes when applying a hypoglycemic threshold of 60 mg/dL and a prediction interval of 30 min. Moreover, Georga et al 23 studied 15 patients in free-living conditions and reported a sensitivity of up to 96%, but without reporting the number of false positives. The present data showed both a high sensitivity (100%) and specificity (91%) compared to previous studies. However, we acknowledge that it is difficult to compare such studies head-to-head. Most studies do not consider the underlying plasma glucose value and they are using the CGM data to define periods with and without hypoglycemia. It is well-known that CGM produces a physiological lag time and moreover a lesser precision in the lower glucose concentration range. [26] [27] [28] Bode et al tested the accuracy of the CGM system used in our study by comparing home blood glucose meter readings with CGM meter readings. 29 With a hypoglycemic threshold of 3.9 mmol/l (70 mg/dl), the system had a sensitivity of 67%, a specificity of 90%, and a false alarm rate of 47%. This clearly demonstrates the need for improving the accuracy of a CGM alarm system and why CGM data when used alone are poor predictors of hypoglycemia. Moreover, in the development of a successful closed-loop artificial pancreas system, improvements in CGM accuracy and reliability are needed. 30, 31 In a future perspective, incorporating information from HRV could be a means to improving accuracy and reliability for closed-loop systems.
We used single patient-based measurements of blood glucose (SMG) as the reference for our study (ie, the truth glucose value); SMG data were drawn from vein plasma glucose and SMBG. Vein measurements is the golden standard and SMBG has a generally high precision. 32 The disadvantage of this approach is that we only know the glucose level at 1 point in time and therefore not the precise start of a hypoglycemic event.
The present study used automatic detection of R-peak on single-lead ECG, which carries the possibility of inaccuracy, although we sought to reduce this risk by reviewing all measurements manually. Moreover, many sequences were excluded due to a noisy ECG, but this is a well-known challenge when applying Holter devices in free-living patients. In a future perspective, this challenge should be addressed in more detail. Many new and robust algorithms have been developed since the article by Pan and Tompkins was published in 1985, 19 so the knowledge for improving the automated detection of R-peaks is present. In addition, the method of collecting the ECG could be improved by addressing electrode design and body placement and combining the CGM device with ECG electrodes/electronics.
Conclusion
The present data suggest that the integration of data obtained by HRV and CGM holds useful information in constructing 
